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Open access under CC Our everyday visual experience frequently involves searching for objects in clutter. Why are some
searches easy and others hard? It is generally believed that the time taken to ﬁnd a target increases as
it becomes similar to its surrounding distractors. Here, I show that while this is qualitatively true, the
exact relationship is in fact not linear. In a simple search experiment, when subjects searched for a bar
differing in orientation from its distractors, search time was inversely proportional to the angular differ-
ence in orientation. Thus, rather than taking search reaction time (RT) to be a measure of target–distrac-
tor similarity, we can literally turn search time on its head (i.e. take its reciprocal 1/RT) to obtain a
measure of search dissimilarity that varies linearly over a large range of target–distractor differences. I
show that this dissimilarity measure has the properties of a distance metric, and report two interesting
insights come from this measure: First, for a large number of searches, search asymmetries are relatively
rare and when they do occur, differ by a ﬁxed distance. Second, search distances can be used to elucidate
object representations that underlie search – for example, these representations are roughly invariant to
three-dimensional view. Finally, search distance has a straightforward interpretation in the context of
accumulator models of search, where it is proportional to the discriminative signal that is integrated
to produce a response. This is consistent with recent studies that have linked this distance to neuronal
discriminability in visual cortex. Thus, while search time remains the more direct measure of visual
search, its reciprocal also has the potential for interesting and novel insights.
 2012 Elsevier Ltd. Open access under CC BY-NC-ND license.1. Introduction
We frequently engage in searching for an object among clutter.
Some searches, such as ﬁnding a red fruit among green leaves, are
easy whereas others, such as ﬁnding a face in a crowd, are hard.
What makes search difﬁcult or easy? It is generally believed that
search is hard when the target is similar to its distractors and easy
otherwise (Alexander & Zelinsky, 2012; Duncan & Humphreys,
1989; Verghese, 2001; Wolfe, Cave, & Franzel, 1989). The existing
literature consists of a rich list of features that determine similar-
ity: for instance, differences along features such as brightness, ori-
entation or color make search easy (Wolfe & Horowitz, 2004).
Although search time increases with target–distractor similarity,
several fundamental questions regarding its nature remain unan-
swered. For instance, does search time vary linearly with target–
distractor similarity? Can search time be formally thought of as a
distance measure? These questions are important because similar-
ity measurements can yield insights into the underlying object
representation (Basri et al., 1998; Cortese & Dyre, 1996; Desmarais
& Dixon, 2005; Edelman, 1998).
To address these questions, I performed two visual search
experiments, one with oriented bars and the other with naturalBY-NC-ND license.objects. I found that while search reaction times (RTs) qualitatively
do increase with target–distractor similarity, the relationship is in
fact non-linear. The inverse relationship between RT and target–
distractor differences naturally suggests that the reciprocal of
search reaction time (1/RT) can be used as a measure of dissimilar-
ity. I show that this measure has several desirable properties. First,
it varies linearly with the difference in orientation between the tar-
get and distractor over a large range, making it a suitable measure
for situations in which the underlying feature dimensions are un-
known. Second, it has the properties of a mathematical distance
metric: in other words, it is always positive, approaches zero as
the target becomes increasingly similar to the distractors, it satis-
ﬁes the triangle inequality and is roughly symmetric. Thus, search
distance can be thought of literally as distance in search space.
Although symmetry in distance is not always satisﬁed since there
are asymmetries in visual search (Wolfe, 2001), I show that asym-
metries are relatively rare on a set of natural objects, occurring
only 7% of the time. Interestingly, when these asymmetries do oc-
cur, the asymmetry in 1/RT is a small and ﬁxed quantum of dissim-
ilarity across all asymmetries. This regularity would never have
been observed using search times alone. I then show that this
dissimilarity measure can be used to yield insights into the object
representations underlying visual search. Finally, search distance
has a straightforward mechanistic interpretation: it is proportional
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reaches a decision threshold. Thus, while search times remain
the most obvious and direct measure of search performance,
search distance can yield novel insights particularly in the study
of similarity relations between objects.2. Materials and methods
2.1. Observers
Experiments 1 and 2 were performed on two independent
groups of six human subjects each. Subjects were aged 20–
30 years, had normal or corrected-to-normal vision and were naïve
to the purpose of the experiments. Subjects gave written consent
to a protocol approved by the Institutional Human Ethics Commit-
tee of the Indian Institute of Science.
2.2. Apparatus
Subjects were seated approximately 50 cm from a computer
monitor that was under control of custom Matlab programs based
on PsychToolbox (Brainard, 1997), running on a Dell workstation.
2.3. General procedure
In both Experiments 1 and 2, subjects were instructed to per-
form an oddball visual search task in which they had to detect
the location of an oddball item among multiple identical distrac-
tors. Subjects were given no instruction as to the nature of the tar-
get or distractor items. On each trial of the task, a ﬁxation cross
appeared for 500 ms, followed by a search display measuring
22  22 in visual angle, consisting of one oddball target among
15 identical distractors. The target could appear either on the left
or the right of the display and subjects had to hit a key (‘‘M’’ for
right, ‘‘Z’’ for left) to indicate the side on which the target was lo-
cated. Subjects were instructed to respond as quickly and accu-
rately as possible. To facilitate their judgments, the display also
included a single red vertical line that separated the screen into
two halves. Trials were repeated later in the block if subjects made
an incorrect response or if they failed to respond within 5 s of dis-
play onset. Trials involving target on the left and right were inter-
leaved randomly.
2.4. Experiment 1: Visual search for orientation
In this experiment, the target on each trial was a bar measuring
0.5  2.5 in visual angle, with an orientation chosen uniformly at
random from 0 to 180. The inter-item spacing measured 6 in vi-
sual angle. The distractor items were bars with the same dimen-
sion as target, but whose orientation differed from that of the
target by a ﬁxed amount. The orientation differences took values
of 7, 10, 13, 15, 17, 20, 25, 30, 45 or 60. The target and dis-
tractor items were positioned randomly with a jitter of ±0.5 to
minimize perceptual grouping. Subjects performed 20 trials of
each of the 10 orientation differences.
To assess whether the ability of the subjects to discriminate a
particular orientation difference (say 10) would depend on the
absolute orientations of the target and distractor (say 0 and 10 de-
grees versus 60 and 70 degrees), I plotted search times for each ori-
entation difference across many target–distractor orientations as a
function of the average orientation of the target and distractor
items. This revealed no signiﬁcant correlation (data not shown). I
therefore report only the analyses assessing the dependence of
search time on the difference in orientation between the target
and distractors.I ﬁt several functions to the data consisting of search times at
each orientation difference – these included exponential, linear
and sigmoid functions. The sigmoid function was chosen because
it is widely used in ﬁtting psychometric functions and because it
would capture the saturation observed in search distance for large
orientation differences. The sigmoid function was deﬁned as the
integral of a Gaussian function, and had three parameters: the
amplitude A, which speciﬁes the maximum value the sigmoid
can attain, the mean l which speciﬁes the value at which the sig-
moid reaches half-maximum and the standard deviation r, which
controls the rate of rise. The equation for the sigmoid function was
given by:
dðhÞ ¼ A
Z h
1
e
ðxlÞ
2r2
2
dx;
where d(h) is the distance (1/RT) value at the orientation difference
h. This function was ﬁt using standard optimization functions in
MATLAB (lsqcurveﬁt) and the best-ﬁtting parameters for the data
in Fig. 1B were A = 1.08 s1, l = 12.7 and r = 13.9.
2.5. Experiment 2: Visual search on natural objects
The stimuli consisted of 48 images – these included 4 views
each of 12 unique objects (6 animals and non-animals). The four
views of each object were either proﬁle or oblique views, each of
which could be pointing left or right. The oblique view was
chosen to be a three-dimensional rotation of the object in its
proﬁle view, by an angle of roughly 45 out of the image plane.
Objects were chosen from a standard image database or from
the internet, and were equated for brightness. I also equated
image size across all proﬁle views such that their longer dimen-
sion measured 3.84. To ensure that oblique views appeared to
be plausible three-dimensional rotations of their corresponding
proﬁle views, the oblique views were scaled such that their
vertical dimension matched that of their corresponding proﬁle
view.
In the experiment, subjects performed oddball search for each of
the 1128 possible pairs of the 48 images, in which each image of a
pair was a target in one trial and a distractor in one trial. Thus there
were a total of 1128  2 = 2256 correct trials performed by each
subject. To prevent low-level visual cues such as size from contrib-
uting to search times, the distractors in the array varied in size: of
the 15 distractors in the array, seven distractors had their longer
dimension set to 3.84 (i.e. same as the target), and four distractors
each measured 75% and 125% of this size.
2.6. Measurement of motor reaction times
To estimate the contribution of motor preparation time to vi-
sual search times, subjects were asked to perform a simple motor
task before the visual search task. On each trial of the task, subjects
saw a white disk appear on the left or right of the screen (with a
vertical red bar down the middle of the screen), and were asked
to press a key (M or Z, as before) to indicate the side on which
the disk appeared. The reaction times on this task were on average
384 ms (standard deviation = 92 ms). In comparison, the average
reaction times in the search tasks were: 1516 ms in Experiment
1 (standard deviation = 971 ms) and 1063 ms in Experiment 2
(standard deviation = 579 ms).
3. Results
A total of 12 subjects were recruited for two visual search
experiments. In both experiments, on each trial, subjects were
instructed to ﬁnd an oddball item among multiple identical
Fig. 1. Subjects performed oddball visual search for a bar that differed in orientation from multiple identical distractors (Experiment 1). (A) Visual search reaction time (RT)
plotted against difference in orientation between the target and distractors. Observed reaction times (dots) are shown with error bars representing standard error of the mean
(s.e.m). These data were ﬁt using a linear ﬁt (dashed lines), an inverse ﬁt (i.e. a linear ﬁt on 1/RT versus orientation difference; thick line) and a sigmoid ﬁt to 1/RT (thin line). (B)
Reciprocal of search time, 1/RT, plotted against the orientation difference (dots with error bars representing s.e.m). These data were ﬁt using a linear ﬁt on orientation
differences below 30 (thick line) and using a sigmoid function (thin line).
88 S.P. Arun / Vision Research 74 (2012) 86–92distractors, and report the location of the item using a key press. In
Experiment 1, six subjects searched for an oddball target that dif-
fered only in orientation from the distractors. In Experiment 2, a
separate set of six subjects performed searches involving all possi-
ble pairs of 48 natural images (12 natural objects in four different
three-dimensional views each).3.1. How does search time vary with target–distractor differences?
I investigated the relationship between search times and tar-
get–distractor similarity, when the target and distractors differed
only in orientation (Experiment 1). To this end, I plotted the search
reaction time (RT) against the difference in orientation between
target and distractors (Fig. 1A). The plot shows that RT varies
non-linearly with the orientation difference. To characterize the
shape of this non-linearity, I ﬁt the data using three different func-
tions. Search times decreased faster than a simple linear decrease,
as evidenced by clear deviations from a straight line ﬁt to the data
for orientation differences less than 30 (r = 0.93, p = 0.0009;
Fig. 1A, dashed line). For these same orientation differences, an in-
verse relationship (i.e. a linear ﬁt between 1/RT and orientation dif-
ference) yielded an excellent ﬁt to the data (r = 0.99, p = 5.6  106;
Fig. 1A, thick line). There was no appreciable drop in reaction times
when the orientation differences increased beyond 30. Given the
inverse relationship between RT and orientation difference, I plot-
ted 1/RT against the orientation difference (Fig. 1B). This 1/RT data
was reasonably ﬁt by a straight line for differences in orientations
up to 30 (r = 0.98, p = 2  105; Fig. 1B, thick line), but for larger
orientation differences the data was ﬁt better by a sigmoid func-
tion (r = 0.99, p = 5.0  109; Fig. 1B, thin line). These sigmoid pre-
dictions, when converted back into reaction times, yielded a good
ﬁt to the reaction times as well (r = 0.99, p = 1.7  109; Fig. 1A,
thin line). However, the quality of ﬁt between the sigmoid predic-
tions and the linear ﬁt did not differ for orientation differences less
than 30, even though the sigmoid had an extra free parameter
compared to the linear ﬁt (r = 0.98 for the linear ﬁt versus
r = 0.99 for the sigmoid).
The above analyses show that, at least in the range where
search times vary with target–distractor orientation differences,
they are ﬁt reasonably well by a linear relationship between 1/RT
and target–distractor differences. This linear relationship suggests
that 1/RT can be used as a measure of target–distractor dissimilar-
ity even when the underlying features are not known.3.2. Does 1/RT have the properties of a distance metric?
Before proceeding to use 1/RT to characterize perceptual dis-
tances, I sought to verify whether it satisﬁes the properties of a
mathematical distance metric (Tversky, 1977). The ﬁrst two prop-
erties are trivial to establish. First, that the distance must be posi-
tive is immediately satisﬁed because reaction times are positive.
The second property requires that distance is zero only if target
and distractor are identical. Although this cannot be veriﬁed in
practice, this property is consistent with the fact that reaction
times become very large as the target–distractor difference de-
creases, making 1/RT very small (Fig. 1A).
We now turn to the third property which is the triangle
inequality. In the context of visual search distances, given any
three objects A, B and C and their pair-wise distances dAB, dBC
and dAC, the triangle inequality requires that the sum of the two
sides of a triangle (dAB + dBC) be greater than the third side (dAC).
This property must hold for each of the three distances. Verifying
this property requires measuring these three distances for a large
number of object triads. To this end, I performed an additional vi-
sual search experiment (Experiment 2) in which the stimuli were
48 images of 12 natural objects each in four possible three-dimen-
sional views. To maximize the number of available triads, subjects
were required to perform a total of 1128 visual searches in which
every possible pair of these 48 images were shown as target and
distractor (48 choose 2 = 1128). This yielded a total of 17,296 triads
(48 choose 3) on which the triangle inequality could be tested,
with each triad giving rise to three possible comparisons (one for
each side of the triangle against the sum of the other two sides).
For each pair of images, the search time was taken as the average
of the search times for either image in the pair as target (i.e. ignor-
ing search asymmetry for the moment – see below for a detailed
analysis of asymmetry). In the triangle ABC formed by each triad
of images, the third side (dAB, dBC or dAC) was plotted against the
sum of the other two sides (dAC + dBC, dAB + dAC or dAB + dBC respec-
tively). The resulting plot (Fig. 2) shows that only 143 of the 51,288
points – a mere 0.2% of all possible triplets – violate the triangle
inequality (i.e. fall above the y = x line).
There are potentially two ways in which this result may have
been obtained as a trivial consequence of nature of the data. First,
the triangle inequality may be trivially satisﬁed if search times
are dominated by a motor preparation time: If RTAB, RTBC and RTAC
were all equal to a motor preparation time M, then 1/RTAB + 1/RTBC
would be 2/M, which is greater than RTAC = 1/M. However,
Fig. 2. Subjects performed multiple visual searches involving all possible pairs of 48
images with each image in a pair as target or distractor (Experiment 2). For each
triplet of images (A,B,C) – depicted schematically above the plot – the pairwise
dissimilarity measurements (1/RT) were denoted by dAB, dBC and dAC. If 1/RT satisﬁes
the triangle inequality, each of these distances (plotted on the y-axis, depicted as
dAC) must be smaller than the sum of the other two (plotted on the x-axis, depicted
as dAB + dBC). The inset shows the histogram of the difference (dAB + dBC  dAC) across
all triplets. Triplets with a difference less than zero (in the inset plot) or triplets that
fall below the y = x line (in the scatter plot) violate the triangle inequality. Such
violations occurred only in 143 of 51,888 triplets, i.e. in 0.2% of all triplets.
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(mean = 384 ms; see Section 2.6) is roughly only one third of the
search reaction times in these experiments (mean = 1289 ms). To
investigate this further, I repeated this analysis on search times of
each subject after subtracting his/her mean motor reaction times.
Although in this case the triangle inequality is violated more fre-
quently than before (3560 of 51,288 triplets violated the inequality,
i.e. 7% of all cases; data not shown), the predominant trend still fa-
vored the triangle inequality since it was satisﬁed in 93% of all
triplets.
Second, the triangle inequality may be trivially satisﬁed by any
three randomly chosen distances: if dAB, dBC and dAC are all random
positive numbers from the same distribution, then dAB + dBC may
frequently be larger than dAC. To investigate this further, this anal-
ysis was repeated by choosing three random distances for each
triplet, so that they no longer came from triplets of objects (A–C).
If the triangle inequality arises trivially from the observed distribu-
tion of distances in the data, then the proportion of triplets that
violate the triangle inequality should be approximately the same
as that observed in the data. In this shufﬂe control analysis, 1860
of the 51,288 triplets (3.5%) of the triplets violated the triangle
inequality – a signiﬁcantly greater proportion of the triplets than
the 0.2% observed in the data (p = 0, v2 test).
To allay the concern that the above two effects (motor reaction
time and random sampling) might have together contributed to
the observed effect, I repeated the analysis by ﬁrst subtractingthe motor reaction times as before, and then randomly choosing
distances. In this case, roughly 6850 of 51,888 triplets (13%) of
all triplets violated the triangle inequality, again a signiﬁcantly
greater proportion than the 7% observed in the data when motor
reaction times were factored out (p = 0, v2 test). Thus, the observed
number of violations of the triangle inequality is far smaller than
expected from the combined effect of motor reaction times and
the distribution of distances in the data. Thus, search dissimilarity
(1/RT) does indeed satisfy the triangle inequality.
The fourth and ﬁnal property of a distance metric is that dis-
tances should be symmetric. In the context of visual search, this
implies that for any two objects A and B, dAB = dBA. This implies
in turn that search times for A among Bs should be identical to
search times for B among As, which is clearly violated in the case
of asymmetries (Wolfe, 2001). However, the relative frequency or
magnitude of search asymmetries for natural objects is unknown.
I therefore set out to establish the relative frequency and magni-
tude of search asymmetries on the objects used in Experiment 2.
For each of the 1128 pairs of images of the form (A and B), I took
the average search times for A among Bs and that of B among As
across subjects, and assessed whether they were signiﬁcantly dif-
ferent using a paired t-test (a = 0.05). This revealed a total of 69
of 1128 image pairs (only 6% of pairs – no greater than the 5% ex-
pected by chance alone) with asymmetric search times. Thus
asymmetries are relatively rare among a set of natural objects.
However, these asymmetries, although rare, may be substantial
in magnitude when they occur. To investigate their magnitude,
for each image pair, the dissimilarity of the easy target (i.e. the
shorter RT in AB versus BA) was plotted against the dissimilarity
of the hard target (i.e. the longer RT). The resulting plot (Fig. 3A)
reveals a surprising regularity in the magnitude of the asymme-
tries – they all fall along a straight line whose slope is nearly equal
to 1 (best-ﬁt slope = 0.99), with an intercept of 0.44. Thus, the mag-
nitude of the asymmetry (dAB  dBA, where A is the easy target) is
ﬁxed at 0.44 for this set, and is independent of the dissimilarity be-
tween the target and distractor. This difference is relatively small
compared to the variation in the dissimilarity across different im-
age pairs (min = 0.3 s1, mean = 1.15 s1, max = 1.71 s1). In con-
trast, an analogous plot of the asymmetric search times (Fig. 3B)
reveals a linear dependence between the search times for the easy
target versus the hard target in each pair with a slope equal to 0.56.
In other words, the magnitude of the asymmetry (RTBA  RTAB
where A is the easy target) increases with the mean search time.
Thus, although search asymmetries can and do occur for natural
objects, they are relatively rare and have a surprising regularity
when characterized by the search distance (1/RT).
Why is it that asymmetry in search distance is constant
whereas asymmetry in search time is dependent on the search
time? This discrepancy can be understood by considering the
transformation between RT to 1/RT (Fig. 3C). Consider two image
pairs (A and B) and (C and D) which have asymmetries that differ
in dissimilarity by the same amount Dd (i.e. dAB  dBA = dCD 
dDC =Dd), except that in one image pair, the average search time
is small (labeled as DRT1 in Fig. 3C) and in the other pair, search
time is large (labeled as DRT2 in Fig. 3C). Because the slope of
the function 1/RT decreases with increasing RT, it can be readily
seen that DRT1 <DRT2. As a result, the magnitude of the asymme-
try will depend on the mean reaction time, as observed in Fig. 3B.
This analysis reveals an unexpected insight into search asymme-
tries using search distance (1/RT) that could not have been ob-
tained using search times alone, namely that at least on a set of
natural objects varying in their three-dimensional view, all asym-
metries differ by a ﬁxed distance in visual search space.
To summarize, the dissimilarity measure 1/RT is positive,
approaches zero as the target and distractor become identical,
generally satisﬁes the triangle inequality and is approximately
Fig. 3. Asymmetry analysis. (A) A total of 69 of 1128 image pairs in Experiment 2 showed a statistically signiﬁcant asymmetry. For each of these image pairs, the
discriminability (1/RT) of the search involving the easy target is plotted against the discriminability of the hard target. The data was ﬁt using a straight line with slope of
nearly 1. (B) The same data represented using search times (RT). For the same 69 image pairs, the search times for the easy target are plotted against the search times for the
hard target. The data suggest that the size of the asymmetry increases in proportion to the average search time. (C) Illustration of how asymmetries differing by a constant
amount in Dd (as shown in A) might give rise to RT differences that increase with the mean (as shown in B) – see text for details.
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that, to a ﬁrst approximation, the dissimilarity measure 1/RT can
be treated as a valid distance in visual search space.3.3. Object representations as revealed using search distances
Having established that the dissimilarity measure is a valid dis-
tance, I set out to investigate whether dissimilarity measurements
on a large object set can elucidate the underlying object represen-
tation. As an example, consider all possible 276 pair-wise searches
performed on 24 images in Experiment 2 (six objects in four differ-
ent three dimensional views). Since the reciprocal of these search
times are distances in visual search space, I used multi-dimen-
sional scaling to embed these images in a two-dimensional space
(Fig. 4). In multidimensional scaling, the coordinates of each image
are chosen such that pair-wise distances between images in two-
dimensional space are as close as possible to the distances ob-
served during visual search. These two-dimensional distances
were indeed a close approximation to the observed distances, asFig. 4. Visualization of search distances using multi-dimensional scaling (Experiment 2
(1/RT) between 24 images (6 objects  4 views each), to ﬁnd the best-ﬁtting two-dimens
The resulting plot shows clustering of objects by view as well as mirror confusion betwevidenced by a highly signiﬁcant correlation between them
(r = 0.78, p = 3  1057). The resulting plot shows that objects short
of vertical mirror reﬂection are close together (Fig. 4) – this is con-
cordant with the mirror confusion observed at both behavioral and
neural levels (Gross, 1978; Rollenhagen & Olson, 2005). In addition,
the plot also shows that the three-dimensional views of each ob-
ject are clustered together in visual search space: in other words,
searches involving different views of an object are hard whereas
searches involving multiple objects are easy. Note that if the
underlying object representation were completely invariant, mul-
tiple views of an object would be indistinguishable in visual search,
which was not the case (these distances are non-zero in Fig. 4).
Thus, object representations underlying visual search are roughly
invariant to three-dimensional view.4. Discussion
Here, I have proposed a distance measure for similarity rela-
tions in visual search, namely the reciprocal of search reaction time). Multi-dimensional scaling was performed on all 276 pair-wise search distances
ional coordinates such that their distances match the observed pair-wise distances.
een left and right views.
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search time, 1/RT varies linearly over a large range of target–dis-
tractor differences for variations along a single known feature
dimension (orientation), making it a potentially useful tool to dis-
cover novel features that guide search. Second, 1/RT can be treated
literally as a distance in visual search space, because it satisﬁes the
conditions required for a mathematical distance metric. Third,
search asymmetries, as measured using 1/RT, differ from each
other by a ﬁxed quantum of dissimilarity. Fourth, pair-wise dis-
tances measured in this manner reveal that object representations
underlying visual search are roughly view-invariant. Below I re-
view the relevance of these ﬁndings in the context of the existing
literature.
4.1. 1/RT as a distance measure
I have shown that search distance calculated as 1/RT has the
properties required of a metric distance: in particular it satisﬁes
the triangle inequality and is roughly symmetric. This investigation
of symmetry properties has revealed two novel insights into the
nature of search asymmetries: First, at least for a set of natural ob-
jects varying in their three-dimensional view, asymmetries are rel-
atively rare, occurring only 6% of the time. The relative frequency
with which search asymmetries do occur in naturalistic searches
has not been reported before, but the generality of this result re-
mains to be established. Second, the asymmetries that do occur dif-
fer from each other by a ﬁxed distance in visual search space. This
regularity in the object representation would never have been ob-
served using search times alone (Fig. 3). Although this result does
not explain why search asymmetry occurs in the ﬁrst place, the
constant difference between many asymmetric searches implies
that the underlying mechanism must be independent of the pro-
cesses that generate the discriminative signal itself.
Recent theories of search asymmetry have proposed that asym-
metries occur when the variance in the representation of the easy
target is larger than that of the hard target (Palmer, Verghese, &
Pavel, 2000; Rosenholtz, 2001; Verghese, 2001; Vincent, 2011). In
the framework of signal detection theory, a typical sample from
a distribution with large variance (i.e. the easy target) is unlikely
to have come from a distribution with small variance (the distrac-
tor), and is therefore easy to distinguish from the small-variance
distribution. Conversely, a sample from a small-variance distribu-
tion is more likely to have come from the large variance distribu-
tion, and is therefore harder to distinguish from the large-
variance distribution. As a result, it is easier to distinguish a
large-variance sample from a small-variance sample than vice ver-
sa. Our ﬁnding can easily be incorporated into this framework if
one interprets search distance as the discriminative signal that
drives visual search (see below). A target representation with large
variance will produce a large difference signal, in turn leading to a
short reaction time – and vice versa. Thus, our ﬁnding that many
asymmetries differ by a ﬁxed search distance might arise from a bi-
modal distribution in the variance of the representation across ob-
jects. Importantly, while the asymmetry might arise from a
difference in variance, object discriminability may arise primarily
from a difference in means between the two distributions. It is thus
possible that these two effects act independently to inﬂuence vi-
sual search. However, there is still an important gap in our under-
standing, namely the mechanistic link between the mean/variance
of the object representations and the generation of the discrimina-
tive signal that guides visual search.
4.2. Search distances as a measure of dissimilarity
Although search is known to become hard when the target is
similar to its distractors (Alexander & Zelinsky, 2012; Duncan &Humphreys, 1989; Wolfe et al., 1992; Yang & Zelinsky, 2009) or
when distractors become heterogeneous (Bauer, Jolicoeur, &
Cowan, 1996; Duncan & Humphreys, 1989; Palmer, Verghese, &
Pavel, 2000; Neider & Zelinsky, 2011), very few studies have quan-
tiﬁed the relationship between search times and target–distractor
differences. Our ﬁnding that search time is inversely proportional
to target–distractor orientation difference is consonant with a sim-
ilar report based on search slopes (Wolfe, Klempen, & Shulman,
1999). It is also qualitatively similar to the exponential decrease
in search times observed with target–distractor size differences
(Blough, 1988) and with color differences (Nagy & Cone, 1996;
Nagy & Sanchez, 1990) and with complex shapes (von Grunau,
Dube, & Galera, 1994). Although an inverse relationship is quanti-
tatively different from an exponential decay, these have not been
compared directly. To investigate this further, I ﬁt the data in
Fig. 1A using both an exponential RT model and the 1/RT model.
The residual sum of squared error for the 1/RT model (sse = 0.07)
was smaller than that of the exponential model (sse = 0.24) and
this difference approached signiﬁcance (p = 0.06, paired t-test).
Thus at least for the data in Experiment 1, a linear relationship be-
tween 1/RT and target–distractor differences appears to be a better
ﬁt. To resolve this discrepancy between exponential and linear
relations will require experiments that directly compare these ﬁts
using several types of feature differences.
4.3. Object representations underlying visual search
The results of this study motivate the use of visual search dis-
tance to elucidate the object representations that underlie visual
search. In particular, I propose two ways in which this distance
measure might be used: First, because it varies linearly with tar-
get–distractor differences (at least when RT changes), it can be
used to discover features underlying search: a feature whose dif-
ferences vary linearly with 1/RT may be deemed better than one
that has a non-linear relationship with 1/RT. Thus, quantitative dif-
ferences in the predictions based on different features can be dis-
tinguished even if they qualitatively co-vary. Second, pair-wise
measurements of distance can be used to visualize the underlying
object representation. Speciﬁcally, I have shown that the represen-
tation of natural objects in visual search space is roughly invariant
to changes in three-dimensional view.
The ﬁnding that object representations in visual search space
are roughly view invariant is consistent with evidence that visual
search is sensitive to three-dimensional structure (Enns & Rensink,
1990; von Grunau & Dube, 1994). However I have gone further to
demonstrate that different three-dimensional views of the same
object form separate clusters in visual search space. This is a novel
ﬁnding in visual search, but it is concordant with a growing body of
evidence that even higher-level feature representations can guide
visual search (Wolfe & Horowitz, 2004). This ﬁnding is also consis-
tent with view invariance reported in other behavioral paradigms
(Logothetis & Pauls, 1995) and in neuronal activity from high-level
visual cortex (Freiwald & Tsao, 2010; Logothetis, Pauls, & Poggio,
1995). The most parsimonious explanation for these observations
is that different views of an object share multiple low-level fea-
tures, resulting in similar neuronal and behavioral responses
including in visual search. Alternatively, object representations
may be roughly view-invariant even after controlling for low-level
feature differences. Distinguishing between these possibilities will
require testing view invariant representations for objects varying
in their perceived similarity.
4.4. Relation to models of visual search
The distance measure 1/RT has an obvious relationship to
accumulator models of visual search in which a difference signal
92 S.P. Arun / Vision Research 74 (2012) 86–92is integrated to threshold in the presence of noise (Purcell et al.,
2010; Schall et al., 2011). Although the precise time to threshold
is difﬁcult to calculate analytically under biophysically plausible
conditions of leak and noise, the reciprocal of the reaction time
(1/RT) is roughly proportional to the magnitude of the difference
signal (Tuckwell, 1988). Where does this difference signal arise?
In a recent study involving targets differing from distractors in glo-
bal arrangement, we have shown that the reciprocal of search time
is tightly correlated with neuronal discriminability in inferior tem-
poral cortex and to differences in coarse image content (Sripati &
Olson, 2010). However this result may only pertain to targets
and distractors differing in complex aspects of shape where high-
level areas are likely to contribute to search. In general it is possi-
ble that the difference signal that underlies search may be based on
neuronal activity differences throughout the visual cortex.
5. Conclusions
Although search times (RT) and accuracy remain the most direct
measures of search performance, search distance (1/RT) can be
used to yield additional insights into the processes underlying vi-
sual search and has a straightforward interpretation as the differ-
ence signal that drives search. Search distance is advantageous
particularly in the investigation of similarity relations between ob-
jects, because, unlike search time, it varies linearly with dissimilar-
ity. Characterizing visual search in terms of search distance also
brings up several interesting questions. For instance, how do
search distances combine for multiple features? Can search dis-
tance be used to discover novel features that guide visual search?
Can search distances be used to explain more complex search phe-
nomena? Ultimately, the usefulness of this distance measure will
lie in its ability to further elucidate search phenomena.
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